I. INTRODUCTION
A probabilistic model of the internal processes in the Blogosphere is needed for the development of a network generator to be used for testing hypotheses regarding the future activity of the Blogosphere. Using multiple simulations, one learns the expected level of the "life" of the Blogosphere, and then one is able to recognize unexpected deviations in the reallife network. The structure of large social networks, such as the WWW, the Internet, and the Blogosphere, has been the focus of intense research during the last decade (see [] , [] , [], [9] , [0] , [2] , [3] , [4] , [5] . One of the main foci of this research has been the development of dynamic models of network creation ([2] , [8] , [5] , []) which incorporates two fundamental elements: network growth, with nodes arriving one at a time; and some form of preferential attachment in which an arriving node is more likely to attach itself to an existing node with high degree than a low degree one (the rich get richer).
Once a network has been created, how does it evolve? This question has not been adequately addressed in previous literature, partially because the typical networks studied-the WWW, the Internet, collaboration networks,-mainly exhibit growth dynamics, and not evolution dynamics. In networks such as the WWW or the Internet, the growth dynamic is dominant. Models of these networks have been able to capture many interesting properties, in particular, scaling behavior with power-law degree distributions (the probability of a node having degree k is given by P (k) ∝ k −α , where α ∈ [2, 3] for real networks). Analysis of the LiveJournal Blogosphere shows that the rate of growth of the network is significantly smaller than the rate at which new links are formed. In fact, over a 9 week period in 200, the number of active bloggers remained approximately constant. However, looking at the communication between bloggers reveals that out of the total 400,000 unique pairs of bloggers that communicated via the blog comments in an arbitrary week, 240,000 of those pairs did not exist in the previous week. Thus, it is the evolution dynamics of the Blogosphere which are dominant. Yet, even in such an active environment, certain statistics are remarkably stable. For example: the power-law coefficient for the indegree distribution, the clustering coefficient, and the size of the "giant" component.
In this paper, we present a novel model for the evolution dynamics of social networks which supports public communication (communication which is visible to all members of the network). Though our model is general, it is particularly applicable to Blog-networks, which is the domain we use for testing.
We use a directed graph, the blogograph, to represent the communication activity in the Blogosphere. The nodes of the blogograph are bloggers and the edges are ordered pairs of bloggers. The edge A → B reflects the fact that blogger A visited the blog of blogger B and left a message there. The evolution of the Blogosphere is represented by a sequence of such graphs and each graph is generated based on the previous one. Our model is based on three fundamental principles for describing evolution dynamics in social networks: Locality. Every blogger is aware of her local neighborhood. This local neighborhood could for example describe her interests, her social groups, etc. It is within this local neighborhood that the blogger will spend the bulk of her communication energy. Attachment. Having determined her locality, the blogger spends her communication energy predominantly within her locale. In the context of Blog-networks, communication energy is expended through commenting on other blogs. We define the process by which a blogger distributes her communication within her area as the attachment mechanism. Iteration. The evolution of the network is attained through repeated application of steps and 2. After all bloggers have expended their communication energy in time step t, at time step t + 1 all bloggers re-evaluate their areas (for example, a blogger may discover some new blogs within her interests) and then re-attach their communication links according to the attachment model. The definition of a model reduces to specifying the following two conditions: (a) How to identify a blogger's area; (b) What the attachment mechanism is. There are a number of intuitively plausible models that one could identify, and the test of any such model has to be done against the observed Blog-network. In particular, does the convergent dynamics of the model reproduce, to a desirable accuracy, the observed stable properties of the real-world blogograph? The aim of this paper is twofold. The first is to present a set of models which are instances of our framework, and the second is to test the validity of these models against the observed Blog-network. Our approach is to experimentally simulate the evolution according to the model until it converges to an equilibrium, and compare the statistics of the resultant simulated blogograph with the observed blogograph. As we will demonstrate, the model based on defining areas using clusters (defined below) combined with the preferential attachment mechanism yields the locality-based model which best describes the evolution of Blog-networks. The other A comprehensive and systematic framework for analysis of Cyberactivism needs to be developed for researchers, analysts, and related government agents to get a better understanding of cyber activists and their online communities. For example, it has been observed that web sites of related activism groups are linked to each other through hyperlinks, creating their own community network [6] . A good research framework would include an effective method to identify such networks and the roles of the web sites in the networks. In forums, social networks of forum users, representative topics and phrases, and active users are useful information that can help understand member interactions.
This paper presents a case study of online Free Tibet Tibet was first included into China's territory in the 1300s. At the beginning of the 20th century, Tibet and Mongolia signed a treaty proclaiming mutual recognition and their independence from the Republic of China. When the China Civil War ended in 1949, Tibet became a part of the PRC. In 1959, PRC armies thwarted the Tibetan resistance movement and Tenzin Gyatso, the 14th Dalai Lama, fled to India.
The Central Tibetan Administration (CTA), also referred to as the Tibetan Government in Exile (TGE), is headed by the 14th Dalai Lama and claims to be the rightful and legitimate government of Tibet. Free Tibet activities refer to activities that aim to support the independence of Tibet. Most Free Tibet activities are guided by the CTA.
III. RESEARCH DESIGN
Free Tibet related web sites and forums are the focuses of this case study. Such web sites and forums are created and maintained by activists, supporters, and sympathizers in a variety of languages, including English, Chinese, and Tibetan. In this study, we propose different methodologies for analysis of each medium.
A. Web Site Analysis 1) Identifying and Collecting Important Web Sites
Since there are many Free Tibet web sites available, the first step is to identify which ones are important. Fig. 1 shows our identification process.
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Tianjun Fu and Hsinchun Chen, Artificial Intelligence Lab, University of Arizona A models we tested, in order of performance, were: several variations of the two-neighborhood areas with uniform and preferential attachment; and the global area with uniform and preferential attachment, which can be viewed as an extension of the preferential attachment growth model to a model for evolution dynamics. In this paper, we describe the ideas of the evolution model; the results of the testing of our model will be presented in a complete version of the paper.
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II. LOCALITY MODELS OF EVOLUTION
In specifying our evolution model, we take as input the out-degree distribution of the Blogograph. The justification for this is that, while the out-degree distribution would be an interesting object to model, it reflects the individual properties of the users in the network. The main task of our model is to develop an evolution mechanism that re-creates an in-degree distribution close to the observed one.
Let A i t ⊆ V denote the area of v i at time t. Node v i attaches its k i t out-edges according to its own probability distribution p i t , where p i t (v) specifies the probability for node v i to attach to node v for v ∈ V . The probability distribution p i t may depend on A i t and G t−1 (e.g. higher degree nodes may get higher probabilities). In particular, we assume that � In more detail, the evolution model first obtains the outdegree distribution (which is exogenously specified); from G t−1 it computes A i t and p i t for all nodes v i ∈ V . For all nodes, it then attaches edges according to p i t resulting in new graph G t . This entire process is iterated for a user specified number of time steps. The model is configured with a procedure that determines the out-degree of a given node in a given iteration, a procedure to determine the area based on the graph of the previous iteration and a procedure to determine the attachment probabilities according to a given attachment model. We will now discuss some approaches to defining the areas and the attachment probabilities. The procedure for obtaining the out-degrees is discussed in Section III.
A. Locality Models
A node expends the majority of its communication energy within its local area. This captures the intuition that people mostly communicate within a small group that contains friends, family, colleagues, etc. We propose the following definitions of a node's area: Global. Every node v i is aware of the whole network. The local area of v i is A i t = V at every time period t. k-neighborhood. The local area A i t of node v i at time t consists of all v j such that the undirected shortest distance δ t (v i , v j ) ≤ k. Union of clusters. The area is defined as the union of clusters containing a node. A cluster containing a node is a proxy for a social group in which a node belongs. Our definition of clusters ([], [], []) allows for clusters to overlap. First, we define the notion of a density of a set. For our application, we use the ratio of number of edges within the subset to the number of edges with at least one endpoint in the subset. Having defined the density, a cluster is then defined to be any subset of nodes that is locally maximal w.r.t. to the density. Our experiments show that clusters overlap quite frequently. This is expected in social networks, where the same member may belong to more than one community.
B. Attachment Models
Given the local area A i t of the node v i at time t, the attachment model describes the probability p i t (v) of occurrence of an edge (v i , v) at time t for v ∈ V . We propose the following attachment modes: Uniform. Node v i attaches to any v ∈ A i t with uniform probability so that p
with probability
where indeg t−1 (v) is the in-degree of vertex v in G t−1 and γ is a constant. Setting γ = 0 corresponds to a pure preferential attachment. Markov Chain. To obtain the attachment probabilities for vertex v i , we simulate the particle traveling over undirected edges of graph G t starting from the node v i and randomly selecting edges to travel until it arrives at the first node v e / ∈ A i t . Every time the particle arrives at some node v j ∈ A i t , the counter c i j is incremented. This simulation is repeated without resetting the counters c i j a number of times, and we determine the attachment probability as p 
is the shortest undirected distance between vertices v i and v in G t−1 , and ρ is a constant. We experimented with ρ ∈ [1, 5] .
The combination of the locality model and attachment model specifies the evolution model that, given the out-degree distribution, will produce a series of graphs that represent the Blogograph at different time periods.
The results of our testing using the Blogograph based on the LiveJournal data show that the best approximation to the observed graph is achieved for the union of clusters definition of the locality combined with the preferential attachment mechanism.
III. TESTING THE MODEL
In parallel to the design of the evolutionary procedures, we need to independently design the testing routines to be used to decide if those procedures are "good" or "bad". Our experiments with LiveJournal reveal the remarkable stability (over time) of the out-degree and in-degree distributions in the graph.
Any testing of a model should involve the comparison of selected parameters of the networks generated by the model with those of the observed networks. Frequently considered parameters include the degree distribution, clustering coefficients, the size of the giant component, and its diameter ([]). Our decision to consider directed graphs led us to adopt the out-degree distribution as an input parameter to the model, and thus, our task was to develop a mechanism for graph generation that re-creates the in-degree distribution of the observed graph. The use of the in-degree distribution as a test of the model is justified since the in-degrees can not be inferred from the out-degree distribution.
To obtain the numerical value of the model's quality, we compare the in-degree distributions of the graphs generated by the model to the graphs observed in LiveJournal. To compare the distributions, for each iteration t of the experiment we compute the normalized in-degree distribution
where D i (k) is the number of nodes with in-degree k and T i is the total number of nodes with in-degree greater then 0. Similarly, we compute the normalized in-degree distribution D ′ ob (d) for the observed graph. The error measure between the generated and observed degree distribution is then defined as: 0, 2] and lower values of E t correspond to a closer match. To determine the steady state error of the model, we executed it for enough iterations until the error stabilized. For all combinations of local area definitions and attachment methods under 0 iterations were needed for the model to stabilize.
To test the model, we needed to provide a mechanism for generating the out-degree for every node at each time period. We used Blogographs observed at LiveJournal to develop such a mechanism. First, we introduced the type of a node to indicate the energy level of the node. We defined a type to be the average degree of the observed node over the weeks and computed the distribution of types. Then, within each type, we computed the distribution of out-degrees. The input to the model consisted of the distribution of types and the distribution of out-degrees conditioned on type. During the model initialization, each node was assigned some type that was selected randomly from the type distribution. After the initial assignment, the type of a node did not change for the duration of the model execution. Each time period, the outdegree of a node was selected randomly from the distribution of out-degrees conditioned on the type of the node. This simulates the observation that the communication energy of a blogger expended during particular time period (in out case one week) depends on their personal activity level, which in our setup is the type.
We initialized the model to a random graph with assigned out-degrees, based on the distribution of the out-degrees observed in LiveJournal blogosphere.
The results of our testing using the Blogograph based on the LiveJournal data show that the best approximation to the observed graph is achieved for the locality of a vertex defined as the union of the clusters containing the vertex combined with the preferential attachment mechanism.
